1. Marine Protected Areas (MPAs) are being implemented worldwide, yet there are few cases where managers make specific predictions of the response of previously harvested populations to MPA implementation.
| INTRODUC TI ON
Marine protected areas (MPAs) are an increasingly popular tool for marine resource management and conservation (Watson, Dudley, Segan, & Hockings, 2014) . Global meta-analyses show that on average we can expect MPAs to eventually lead to increased abundance of harvested marine species inside MPAs (Edgar et al., 2014; Lester et al., 2009 ). However, there is a wide range of individual outcomes in those analyses: in any single MPA abundances may remain the same or even decrease, defying expectations (Edgar & Barrett, 2012; Lester et al., 2009 ). Lack of population increase inside MPAs could be due to a number of factors, such as poor design (Claudet et al., 2008; Edgar et al., 2014) or weak enforcement (e.g. Giakoumi et al., 2017) . In addition, MPA responses may not be detectable for reasons unrelated to MPA management. If the area was lightly harvested prior to MPA implementation, the cessation of harvest should not lead to an increase in harvested populations (Micheli, Halpern, Botsford, & Warner, 2004) .
Stochastic variability in the population can make a response difficult to detect (Blowes & Connolly, 2012; De Leo & Micheli, 2015) , and particularly for some long-lived species, adequate time since implementation is needed to detect a response (Molloy, McLean, & Cote, 2009; Starr et al., 2015) . Indirect effects, such as competition or predation from other increasing species, can also prevent positive responses of species within MPAs (e.g. Micheli et al., 2004; Babcock et al., 2010) .
Distinguishing the drivers of observed responses to MPA implementation, and differentiating between MPA management-dependent and -independent factors, is necessary to evaluate MPA success and engage in adaptive management. Adaptive management is an approach to policy implementation in which ecological responses to management actions are monitored and compared to expected responses, then differences between observations and expectations are used to refine management in an iterative process (Walters, 1986) . Such evaluation provides a first step in determining the factors impeding successful responses to MPA implementation. For MPAs, if a mismatch between outcomes and expectations occurs, refinement of management action could include adjusting the size, location, level of protection or degree of enforcement. Despite the consensus that adaptive management holds great promise to improve outcomes in ecosystem management (Allen, Fontaine, Pope, & Garmestani, 2011; Rist, Campbell, & Frost, 2013) , including MPAs (Carr et al., 2017; Sale et al., 2005) , there are few published cases that compare outcomes of management actions (i.e. observations from monitoring surveys) to expectations (i.e., predictions from population models) in any system (Westgate, Likens, & Lindenmayer, 2013) .
From a management perspective, a lack of prior predictions makes it impossible to quantify whether an MPA has met expectations. Management actions generally take place on a regional to local spatial scale and managers and stakeholders are often interested in evaluation of potential success on short-time scales (<10 years).
Therefore, adaptive management must place goals and expectations within the appropriate spatial and temporal context to avoid scale mismatch between ecological systems and decision-making (Grafton & Kompas, 2005; Wilson et al., 2016) . Projecting the future response to MPAs sets the time-scale of change in an MPA, allowing managers to plan an appropriate time-scale for assessment.
Different mechanistic modelling approaches are appropriate for different phases of MPA management. Typically, population models used for MPA design focus on the long-term, equilibrium response of populations inside MPAs (e.g. White, Botsford, Moffitt, & Fischer, 2010) . More recent models have focused on the short-term, transient responses of fish populations following MPA implementation (Brown, Abdullah, & Mumby, 2014; Hastings, 2016; White et al., 2013) . These efforts show that short-term responses depend critically on the prior harvest mortality rate, which sets the rate for filling-in of the size/age distribution that was truncated by harvest as individuals are allowed to grow older and larger. Unfortunately, harvest mortality rates are usually estimated in stock assessments at the scale of hundreds of kilometres, rather than the local scale of MPAs where harvest rates vary due to distances from ports and other factors. Additionally, as a consequence of time lags associated with increases in reproductive output of populations in MPAs, trajectories of transient responses of population abundance and biomass may be flat or even decreasing during the short-term, despite long-term predicted increases (Hopf, Jones, Williamson, & Connolly, 2016; White et al., 2013) . This delay in population increase is more likely for species that are long-lived with older ages of maturity, slow growth rates and/or infrequent recruitment events. While such delayed response can be more prominent when harvest mortality rates were high prior to MPA implementation, high harvest mortality also leads to a greater eventual magnitude of response with greater detectability.
In addition to these deterministic drivers, the population response will depend on stochastic effects of environmental variability. In many coastal marine populations, an important source of stochasticity are post-larval recruitment rates, which can fluctuate widely on seasonal or interannual scales due to ocean conditions and lead to large differences in cohort strength (Carr & Syms, 2006; Caselle, Wilson, Carr, Malone, & Wendt, 2010) . This variability influences the initial age structure at implementation, seen as gaps (or peaks) in certain size classes corresponding with years of poor (or targeted species. Our overall approach provides a framework for a critical step of adaptive management. high) recruitment, which determine transient population trajectories (Mangel, 2000) . Environmental stochasticity also causes uncertainty in future recruitment, complicating predictions of near-term responses.
Here, we apply a Bayesian state-space integral projection model (IPM; Kimbro, White, & Grosholz, 2018; White et al., 2016) to pre-MPA size frequency data to estimate parameters for a mechanistic model that we used to assess the response of a common nearshore fish to establishment of three California no-take MPAs. We estimated both deterministic (local harvest rate) and stochastic (variable recruitment) components of the response. We used these estimates to compute deterministic and stochastic forward projections of population trajectories, which we then compared to monitoring data in an adaptive management process. We first evaluate which factors are necessary in order to correctly predict the observed responses. This analysis informs the adaptive management step of determining whether observed responses are due to natural factors or management actions, and whether changes in management actions might be necessary to achieve MPA goals. We then show how pre-MPA harvest rates, variability in recruitment and initial population size structure determine when response to MPA establishment will be detectable. This analysis informs the adaptive management step of determining when an evaluation of MPA efficacy for consideration of management adjustment is biologically reasonable. Our approach expands existing MPA theory focused on long-term, equilibrium outcomes to descriptions of short-term, transient responses that can then be compared to actual monitoring data to evaluate MPA efficacy.
| MATERIAL S AND ME THODS

| Monitoring data
We focus on three regions within central California containing well-enforced no-take MPAs established in 2007 and mandated to be monitored and managed adaptively: Point Lobos, Big Creek and White Rock (Botsford, White, Carr, & Caselle, 2014 ; Figure 1 ). The
Partnership for Interdisciplinary Studies of Coastal Oceans (PISCO)
has conducted annual surveys of kelp forest fishes in Central California since 1999, spanning MPA implementation in 2007. We focused on the numerically dominant species of rockfish, blue rockfish, Sebastes mystinus, which experienced both commercial and recreational harvest in this region (Key, MacCall, Field, Aseltine-Nellson, & Lynn, 2008; Starr, Carr, Malone, & Greenley, 2010) . Blue rockfish are long-lived (>40 year; Laidig, Pearson, & Sinclair, 2003) and have small home range sizes < 2 km 2 (Freiwald, 2012; Starr et al., 2015) .
Since MPA implementation in 2007, no clear increase in blue rockfish density or size within nearshore MPA locations has been evident at any of the three regions ( Figure S1 
| Integral projection model
We used an IPM to represent size-structured blue rockfish populations. An IPM is conceptually similar to a traditional age-structured Leslie matrix model, but it is an integrodifference model in which the state variable is a continuous size distribution (rather than a discrete age distribution), and the transition probabilities from size x to size y over a discrete time interval (including growth and survival) are continuous, size-dependent functions (Ellner, Childs, & Rees, 2016) .
Blue rockfish populations are likely to be demographically open at the scale of our study sites due to their long planktonic dispersal period of 3-5 months (Love, Yoklavich, & Thorsteinson, 2002) . We
constructed a demographically open IPM that describes the population density N(y,t) at size y, time t + 1, as a product of the current population density and the projection kernel K(y,x) (the probability density of surviving and moving from size x to size y), integrated over all biologically reasonable sizes (Ω). New recruitment is added as the product of the density of juvenile recruits arriving at t, R(t), and the probability density function for initial recruit size ρ(y). Given our assumption of an open population with recruitment decoupled from local population size, we do not include density dependence in recruitment. A process error term ν(y,t) represents deviations from predicted densities due to variability in survival or growth for a given size at t (see Table 1 for list of symbols). The size-structured population dynamics are as follows:
K(y,x) included a von Bertalanffy growth function and size-independent mortality post-recruitment, both taken from independent data (Key et al., 2008; Laidig et al., 2003) . Full details of the IPM are described in White et al. (2016) .
| Estimation of pre-MPA harvest and recruitment rates
We fit the IPM to PISCO size data using a Bayesian state-space framework to estimate harvest rate and the annual recruitment magnitude during the pre-MPA time period (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) for each region (Appendix S1; White et al., 2016) , using harvest rate, F, from the regional stock assessment as the Bayesian prior (F = 0.09 per year; Key et al., 2008) . The model fitting process explicitly included both process error (e.g. interannual variability in growth, mortality and recruitment) and observation error (e.g. variation in fish counts due to visibility, chance variation in observing fish aggregations).
| Simulating responses of populations to MPA implementation
We then used the IPM in a forward, non-estimation mode to simulate fish population trajectories, following the above equations and parameters. The IPM was initialized in two ways: (a) Figure S2 .
| Calculating detectability of MPA responses
Receiver Operating Characteristics (ROC; Hanley & McNeil, 1982; Boettiger & Hastings, 2012) All analyses were performed using MATLAB software version R2015a.
| RE SULTS
| Estimation of pre-MPA harvest and recruitment rates
Across the three regions, using the value of pre-MPA harvest rate from the regional stock assessment as the Bayesian prior (F = 0.09 per year; Key et al., 2008) , the posterior estimates of F ranged from near zero to twice the value in the regional stock assessment (Big
Creek, F = 1.1 × 10 -4 per year; White Rock, F = 0.10 per year; Point Lobos, F = 0.19 per year) and were inversely related to distance from port (see Figure 1 for distances).
Both modelled and observed recruitment magnitudes showed a general pattern of boom and bust years of recruitment that was echoed across the three regions and was close to zero leading up to and including 2007, the year the MPAs were implemented (Figure 2 ).
| Effects of pre-MPA harvest rates
The 
| Effects of variable recruitment and initial size structure
| Time-scale of response detectability
Correct detection of MPA effects is more likely with a higher pre-MPA harvest rate (Figure 4) , and when the projection starts from a steady-state condition (Figure 4a-c) . With low pre-MPA harvest rates, accounting for the actual initial conditions of the populations provides more realistic conditions, but only slightly changes the ROC detectability (Figure 4d,e) . At Big Creek, with low pre-MPA harvest, we cannot ever expect to detect a difference in density between the harvested and MPA scenarios. At White Rock, the ROC curve F I G U R E 3 Forward projections of blue rockfish densities of fish greater than the fished size in the Big Creek (left), White Rock (middle), and Point Lobos (right) regions under scenarios with continued harvest at estimated pre-MPA harvest rates, F, (blue lines with shading) or as a no-take MPA (red lines with shading). The population densities in (a-c) start from equilibrium abundances of the stable size distribution with harvest. The population abundances in (d-f) start from densities observed in 2007, when MPAs were implemented. Dot-dashed lines in (a-c) indicate abundances with constant recruitment magnitude each year. Shaded areas indicate the envelope of outcomes from 5%-95% of all simulations with variable recruitment with the median of outcomes shown by the solid line. Note that dot-dashed and solid lines overlap. Markers indicate monitoring data from no-take MPA (red) and harvested (blue) sites, displayed as means with standard deviation computed for transects across zones within a location. For Big Creek (panels (a) and (d)), the red and blue lines and shading overlap. Note that we are addressing whether a harvested population would respond to MPA implementation as compared to a population where harvest persisted. We show data from a nearby site outside the MPA (blue markers) to show that predictions for continued harvest match those of a nearby harvested site 
| D ISCUSS I ON
We found that spatial variability in harvest rate and temporal environmental stochasticity are crucial to accurately predicting expected responses to MPA establishment and therefore to adaptive management. Local pre-MPA harvest rates varied substantially across our study regions, and harvest rates were inversely related to proximity to fishing ports. Assuming uniform harvest rates across the Central lead to transient population decrease, even in populations that will increase in the long-term (Cohen, 1979; White et al., 2013) . Given its effects on both the initial conditions and the spread of possible post-MPA trajectories, recruitment variability has the potential to double the predicted time-scale over which post-MPA population increases become detectable. Stochasticity likely plays a role in other locations around the globe where responses to MPAs have been variable and detectability of the response increases over time (Babcock et al., 2010; Russ & Alcala, 2004) .
Setting expectations for adaptive management of MPAs implies consideration of the goals for which the MPA was established.
California MPAs have a broad range of goals, such as "to protect the natural diversity and abundance of marine life" and "to help sustain, conserve and protect marine life populations" (CDFW, 2016).
However, in California, as elsewhere, abundance serves as an initial proxy for the achievement of these broader goals (Whiteman et al., 2013 to 2007 with little harvest. While it might at first seem counter-intuitive for a reserve to be placed in an area of no fishing, local fishing mortality rates were unknown during the reserve planning process, and many factors, ranging from socioeconomic costs to biodiversity goals, informed the siting process (Botsford et al., 2014) . These results can help clarify which goals different MPAs might address; Big
Creek may not help rebuild depleted marine populations, but it may serve to protect natural diversity and abundance (CDFW, 2016) .
A wide array of MPA goals depend on the initial "filling in" response modelled here, but additional goals will also depend on dynamics ignored here in our focus on the most immediate and direct expected MPA response. MPA responses such as increased reproduction, spillover to harvested areas and subsequent effects on fishery yield, and cascading community-level changes will depend on further uncertain processes such as larval connectivity, fisher behaviour in terms of redistributed effort, movement of target species, and species interactions (Baskett & Barnett, 2015; White et al., 2011) . Our findings of how the uncertain processes of local harvest mortality and recruitment variability significantly affect expectations demonstrate the potential challenges in creating expectations for longer-term and larger-scale responses as uncertainty propagates.
We developed a framework that can be used by managers to build expectations of responses of targeted species to MPA implementation, which includes producing robust estimates of pre-MPA fishing mortality rates, recruitment variability and size-structure, then using these estimates to build a size-structured demographic model to project population dynamics with and without MPA implementation. Such predictions will allow managers to develop expectations for how long it may take before a significant increase in population abundance and size is expected, and how big that increase might be. Key to this approach is the availability of longterm monitoring data. Our results show the value of before:after comparisons, especially in regards to stochastic events prior to implementation (Russ & Alcala, 2004) . Ideally, a full before-aftercontrol-impact (BACI) design can be used, increasing the ability to control for spatial and temporal heterogeneity (Halpern, Gaines, & Warner, 2004) . Comparing observations from a BACI study to model outputs can validate hypothesized drivers of outcomes, such as whether stochastic population dynamics explain any observed non-monotonic trajectories, as is the case here. Indeed, even with a full BACI comparison, one would still need to know how pre-MPA harvest rates varied over space, both to ensure that "control" sites are representative and to estimate statistical power to detect before:after changes. When stock-recruit relationships are unknown, projections with competing models may be compared over time to the response. If a population is closed, trajectories might show even more intensified initial decreases than that reported here ).
An important part of the adaptive management process is that as additional monitoring data are collected, managers can update projections with new information, adjust models and identify additional drivers of population responses that require consideration. The steps we describe here -predicting the initial post-implementation trajectory-are only the beginning of an ongoing adaptive management cycle. For example, new information on the actual levels of post-MPA recruitment could adjust projected trajectories, narrowing the range of uncertainty for ongoing assessment. Additionally, if appropriate information became available, site-specific growth and natural mortality rates could be incorporated (e.g. Hamilton, Wilson, Ben-Horin, & Caselle, 2011) .
Projections may also help identify management gaps, such as lack of enforcement and poaching (Brown et al.., 2018) , and can be used to explore how responses might change if MPAs are adjusted through adaptive management or as climate change impacts populations (e.g. if recruitment is reduced). In this example, we did not investigate the potential role of poaching, and assumed that the MPAs were well-enforced, but poaching would further decrease detectability. Using the framework we describe, managers could make projections that include poaching for comparison to monitoring data. In addition, for MPAs where harvest is allowed, projections could be run for different levels of harvest.
Evaluation of MPAs is a necessary step in ecosystem management, yet examples of adaptive management studies that incorporate monitoring data, let alone adequate data on the appropriate time scales for ascertaining responses to management, are lacking (Westgate et al., 2013) . The combination of data and models provides an opportunity to investigate the mechanisms behind observed patterns (Hastings, 2016) and can advance the development of expectations and monitoring plans (Moffitt, White, & Botsford, 2013 ). Without such model predictions, monitoring can only inform a noise-sensitive "trial and error" approach to management that bases future choices on what is observed to work best, as opposed to a more proactive approach where managers can improve both management and scientific understanding based on gaps between predictions and reality (Walters & Hilborn, 1978; Walters & Holling, 1990) . The integration of expectations into an adaptive management framework can help managers move from interpreting population responses after management actions to including predictions in MPA design and in the adaptive management policy itself (Schindler & Hilborn, 2015) , thereby avoiding unforeseen costs of adjusting management actions (Morris & Green, 2014) . The methods and framework we have developed here can be used to set expectations for MPA adaptive management, especially for systems where observational data are available but recruitment variability complicates the interpretation of patterns.
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